With the accumulation of massive biological datasets, the constructions of phylogenetic trees become versatile. For instance, metabolomics data accommodate profiles of all metabolites and metabolic pathways in species, and thus such information can be used for phylogenetic tree construction. The basic assumption of using metabolic pathways to construct phylogenetic trees is that phylogenetically closer species should have more similar pathways and thus they should be clustered together. One of the problems of using metabolic pathways for tree construction is that some metabolic pathway dataset might be missing in one species or another. In this paper, we proposed a Collaborative Filtering (CF) based recommender system to fill up the missing metabolic pathways, and dataset normalization to better the tree accuracy. Our experimental results on both prokaryotic and eukaryotic phylogenetic trees have shown that our approach could improve clustering accuracy. Therefore, we conclude that our collaborative filtering recommender system is useful for improving the phylogenetic tree constructed with metabolic pathways.
Introduction
Phylogeneticsis is concerned with the analysis of molecular sequencing data to study evolutionary relationships among groups of organisms, and phylogenetic trees are used to describe the branching process of evolution (Heywood & McNeill, 1964) . Owing to the rapid accumulation of genome sequences, the constructions of phylogenetic trees started to rely on gene contents (Snel, et al, 1999) . A typical case would be the phylogenetic analysis on gene sequence of the SSU rRNA (16S rDNA) (Olsen, et al., 1994) . Despite the promising development of Genetics, analysis of relation of phylogeny based on genome sequences inherited unavoidable biases because of the nature of evolution (Huynen & Bork, 1998) . More specifically, mutations, horizontal gene transfer, and functional replacement ubiquitously exist in genomes. In addition, analyzing phylogenetic relations or constructing phylogenetic trees could be challenging tasks due to the duplication and loss of genes. (Mazurie, et al., 2008) .
Along with the high-throughput of genome sequencing technologies, a large amount of metablic data has been accumulated at the same time. Such metabolic data subsume panoramic information about genetic features because they mirror the internal mechanism of metabolism. Ideally, it is comprehensible that phylogenetic distance of species shall be encoded in metabolic activities and patterns, that is, the closer species are phylogenetically, the more similar metabolic activities share in them. Therefore, exploring metabolic data should reflect phylogenetic relations or trees on the level of functionality (Wan & Che, 2013; Zhang et al., 2006) . In order to model a metabolic pathway, we need to describe all chemical transformations or reactions in the network. Thus, it is technically difficult to describe the similarity between metabolic pathways by comparing detailed chemical reactions in the pathways. This is even harder to measure when the same reactions (or enzymes) in different pathways could be described differently in some cases. Fortunately, some previous studies have shown that structural information in the metabolic network, such as degree and betweenness centrality, correlate with phylogenetic profile (Liu et al., 2007) , and phylogenetic distances can be measured through metabolic network-based distances accurately (Mazurie et al., 2008) .
Based on that, we have previously reported our approach that uses network-related features from metabolic pathways to build pathway profiles for each species, and constructed phylogenetic trees based on pathway profiles (Wan & Che, 2013) . Our approach has further supported the utility of using structural information of metabolic pathways for phylogenetic tree construction. The requirement of using pathway profiles for phylogenetic tree construction is that each species must have structural information for each metabolic pathway. Practically, for any given species, not all pathways will be available. This is because some biological research groups might only be interested in particular pathway studies in particular species, and as a result, some pathway data in some species will be missing. Our preliminary investigation on KEGG pathway dataset has shown that some universal and fundamental metabolic pathways, like fatty acid synthesis, fatty acid elongation, bisphenol degradation, etc., are absent in several species. In order to resolve the missing data problem, we used to utilize average information of all species to be studied to fill up the missing ones, but the results seemed to be far from satisfactory.
Recommender systems, which use existing data to predict users' ratings or preferences, turned out to be successful in the past years (He, 2010) . Recommender systems have been employed in Ecommerce such as Amazon (Linden, et al., 2003) , search engine such as Google News (Das, et al., 2007) , and social network such as Facebook (Baatarjav, et al, 2008) . In the case of our study, we think that missing metabolic pathways in some species can be deduced through looking at the metabolic pathways in its phylogenetically close species, rather than the average metabolic pathways from all species. Therefore, we strongly believe that recommender systems can be applied to recommend missing pathways by using recommending strategies developed already.
In this paper, we report a recommendation system based approach for improving missing data quality, and the construction of phylogenetic trees based on improved data. In Section 2, we will describe dataset and our approach. Section 3 shows how our approach can improve phylogenetic tree results. Finally, we will draw our conclusions and discussions in Section 4.
Materials and Methods
Our approach can roughly be divided into two steps: (1) Preprocessing metabolic pathway dataset using recommender systems; (2) Using hierarchical clustering to construct phylogenetic trees based on metabolic pathways. It should be noted that we used pathway profile, which contains 23 structural features to represent each metabolic pathway. Fig. 1 illustrates our phylogenetic tree construction using metabolic pathways. Below, we describe the dataset, recommender systems, and clustering of trees. 
Dataset Description
We collected data from Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa & Goto, 2000) Metabolic Relation Networks Dataset ( Naeem & Asghar., 2011) , which were deposited in UCI machine learning repository (Bache & Lichman, 2013) . The dataset totally contains 53,414 entries, each of which is derived from a structured KEGG pathway and represents one pathway profile of a specific species.
For each entry (i.e., pathway), there are 23 features of structural information corresponding to the pathway, including 1)nodes, 2) edges, 3) connected components, 4) network diameter, 5) network radius, 6) shortest path, 7) characteristic path length, 8) Average number of neighbors, 9) isolated nodes, 10) number of selfloops, 11) multi-edge node pair, 12) neighborhood connectivity, 13) outdegree, 14) stress, 15) SelfLoops, 16) partner of multi-edged node pairs, 17) edge count, 18) betweenness centrality, 19) indegree, 20) eccentricity, 21) closeness centrality, 22) average shortest path length, and 23) clustering coefficient ( Naeem & Asghar., 2011) .Collectively, we call these 23 features of any pathway a pathway profile, which will be used for the measurement of pathway similarity (see Fig. 1 ).
The original dataset contains entries of both eukaryotes and prokaryotes, with a total of 788 species. To demonstrate phylogenetic efficacy of our proposed algorithms in different domains of species, we split the original dataset into two groups, with each of representing one domain of species. For each group of dataset (i.e., each domain), we further removed those species whose total number of pathways was less than the pre-selected threshold value (80 for eukaryotes and 90 for prokaryotes). We ended up with 23 eukaryotic species and 30 prokaryotic species.
Collaborative Filtering for Recommending Missing Metabolic Pathways
One of the major tasks for constructing phylogenetic trees is to measure pathway similarities, which might be measured through Euclidean distances. To calculate Euclidean distances of all pairs of species, it is required that all pathway profiles must be present. In the case of the eukaryotic group, there are 109 pathways in total. For the prokaryotic group, there are 110 pathways in total. Due to some natural or artificial factors, some pathways in some species might not be present. To resolve this issue, some missing pathways must be filled up before calculating distances. We have shown in our previous study that either replacing absent pathways with zeros or average values for the measurement of phylogenetic distance did not perform well. In this paper, we are going to use Recommender Systems to predict missing pathways (or missing data), which are basically obtained from the pathway information of phylogenetically close species.
While different algorithms have been developed for realizing recommendation (Jafarkarimi, et al., 2012) , such as cluster models search-based method (Linden et al., 2003) , web mining-based (Huang, et al., 2008) , social networking (Luo, et al., 2009 ) and demographic (Sobecki & Piwowar, 2009) ,Recommender Systems can generally be categorized into three types: collaborative, contentbased filtering and hybrid Recommender Systems. Since content-based filtering requires a knowledge of attributes of content which is unavailable in this case (Melville & Sindhwani, 2010) , we employ CF to produce recommendation.
Formally speaking, in a process of CF, the goal is to recommend items for an individual or predict a specific individual's unavailable opinions of some items. For instance, in the typical case of Netflix Prizer, there is a list of n users Ư = {u1, u2, ..., un} and a list of m movies Ɨ = {i1, i2, ... im}. Besides, each of users rates some movies within a certain numeric scale, called ratings matrix ( ) . Based on those observed ratings, CF shall predict the non-watched movies' ratings for corresponding users through a number of methods which can be roughly classified into two typical types (Breese, et al., 1998) : Memory-based (user-based) and Model-based (item-based) algorithms (Sarwar, et al., 2001) .Besides, there is one more cutting-edge technology, termed as Collective Matrix Factorization, which concerns with relational learning. When an entity participates in several relations, Collective Matrix Factorization Model (CMFM) can simultaneously factorize multiple matrices which share parameters among factors, that is, with multiple relations, formatted into matrices. CMFM attempt to exploit information from observed relations to predict unknown ones (Gao, et al., 2012; Singh & Gordon, 2008 ).
In the case of our study, we have a matrix Ɠ where n denotes the number of species and m denotes the number of pathways. By adopting a matrix ω which shares the same size as Ɠ, a link established between species and pathways.
( ) indicates whether species i contains pathway j (Fig. 2) . With a learning parameter Θ(
) and hidden relation Χ( ), we can acquire prediction Ƥ = .
To avoid the overfitting problem, we apply a regularization penalty Ʀ(Θ, X) in Equation (1), where and are parameters determined through cross-validation. The most optimal solution would be obtained by solving the optimization function (see Equation (2)) (Singh & Gordon, 2008) .
Where referred to as cost function, metrics the variation between predictions and actual values. In order to optimize Ƥ, we should minimize in Equation (3) and (4)
where denotes gradients, and denote gradient coefficients respectively. With the gradient equations, we can iteratively minimize costs back and forth by selecting better solution of combination of X and Θ and using low-rank matrix factorization. For the missing pathways, the converged solution would accommodate excellent suggestions.
Hierarchical Clustering
Clustering algorithms are used to establish visual clusters or groups by maximizing the inter-class similarity and minimizing the intra-class similarity (Han, 2005) . In order to build phylogenetic trees, we utilized hierarchical clustering algorithm to generate a hierarchy of clusters. Specifically, we built distance matrix using pathway profile data, and then chose Cluster 3.0 (de Hoon, et al., 2004) to generate clusters. Based on the clustered results, we used Java Treeview (Saldanha, 2004) as the visualization tool to produce dendrograms.
Fig. 2. A collaborative filtering(CF) approach for recommending missing metabolic pathways.(A) A
graphic view shows the relationships between species and pathways, where the left column contains several species and the right column shows some metabolic pathways;(B) A matrix representation of species and pathways. "?" represents missing pathway information, and can be deduced using CF.
Results

Using recommender systems can improve phylogenetic tree accuracy
Before we used the recommender systems to fill up the missing data, we counted the missing data in the matrix (as illustrated in Fig. 2) . We found that the missing percentages were 20.58% for eukaryote matrix, and 16.30% for prokaryotes matrix, respectively.
Previously, we used average values to fill up missing data, and constructed phylogenetic trees based on that. Our results showed that some phylogenetically close species could be clustered together, but the overall clustering quality was not good (Wan & Che, 2013) .In the eukaryotic phylogenetic tree, for instance, the species from the kingdoms of Fungi, Viridiplantae, and Metazoa cannot be separated. More specifically, three Aspergillus species, Aspergillus nidulans, Aspergillus oryzae, Aspergillus fumigatus, were not clustered together.
Fig. 3. Eukaryotes phylogenetic tree with CF
Fig. 4. Prokaryotes phylogenetic tree with CF
In this study, we used CF to generate recommendations for those missing data and constructed phylogenetic trees based on that. The phylogenetic trees of using CF based recommendation are shown in Fig. 3 for eukaryotes and Fig. 4 for prokaryotes, respectively. When comparing the eukaryotic trees produced from our previous study and this study, we found a number of improvements. In general, the species from the kingdoms of Fungi, Viridiplantae, and Metazoa show agglomerating together respectively. For instance, five fungi species, Aspergillus nidulans, Aspergillus oryzae, Aspergillus fumigatus, Magnaporthe oryzae and Scheffersomyces stipitis were shown to be clustered together.
Compared to the prokaryotic tree generated in our previous study, the prokaryotic tree generated from this study has also shown some improvements. For instance, two Actinobacteria species, Streptomyces coelicolor, Saccharopolyspora erythraea were separated into two big clusters in our previous study, but now they have been clustered into the same cluster. Take another example, two Actinobacteria species, Azoarcus sp. BH72 and Polaromonas naphthalenivoranswere separated by one Proteobacteria species, Mycobacterium ulcerans in our previous study, but now these two species are clustered together. Thus, the overall quality of the phylogenetic trees constructed for both eukaryotes and prokaryotes has been improved by using CF recommendation.
Data normalization can further improve phylogenetic tree accuracy
As described in Materials and Methods, our metabolic pathway data were represented in pathway profiles, which consist of 23 numeric features. The ranges for different feature values vary tremendously. For instance, the feature value for Isolated Nodes will be either 0 or 1, depending whether there is isolated note in the metabolic pathway network. On the other hand, the feature value of Shortest Path can be as large as several hundred or even thousand if the pathway is giant. Given that, some features such as Shortest Path will dominate the other features when calculating Euclidean distance, while the other features will make no contribution. Other than the issue of missing data, we suspected the un-normalized data could be another cause of low clustering accuracy in our previous study.
In this study, we filled up missing data using CF recommendation, and then normalized data as follows: For each column (i.e., feature), we found its maximum value. We divided each value by the corresponding maximum value in that column, and thus we enforced all normalized feature values between 0 and 1. Fig. 5 and 6 show the constructed phylogenetic trees with the utilization of CF on normalized data.
As shown in Fig. 5 , the eukaryotic phylogenetic tree separates Fungi, Viridiplantae, Metazoa, and Alveolata. More specifically, some phylogenetically close species were not clustered together the approach of CF without normalization, the problem has been resolved with the approach of CF with normalization. For instance, two fruit flies, Drosophila melanogaster and Drosophilapseudo obscura, were separated with the approach of CF without normalization (See Fig. 3 ), but they have been clustered together using the approach of CF with normalization ( See Fig. 5) . Similarly, two ocean species, sea anemone and purple sea urchin, were not clustered with the approach of CF without normalization (See Fig. 3 ), but they have been clustered together using the approach of CF with normalization ( See Fig. 5) .
The prokaryotic dendrogram also shows the dramatic improvements (See Fig. 6 ). For instance, the approach of CF without normalization could not cluster all six Burkholderia species together (Fig.  4) , but the approach of CF with normalization clustered all six species together (Fig 6) . Similarly, the approach of CF without normalization could not cluster Streptomyces coelicolor and avermitilis (Fig. 4) , but the approach of CF with normalization clustered them together (Fig. 6) . Most importantly, most of species in the group of Proteobacteria were separated the species from the Actinobacteria. The drastically improvements of trees imply that normalization also play a very important role in our approach. 
Comparison of different agglomerate clustering methods
The process of hierarchical clustering is to group the initial discrete individuals based on the similarities or differences among individuals, and then group small clusters into a big cluster, and finally into a dendrogram. There are four popular agglomerate clustering methods, including single linkage, complete linkage, centroid linkage, and average linkage. Each of four methods uses its own definition to evaluate the similarity of a pair of clusters. Single linkage adopts the distance of a single pair of the closest individuals within two clusters, while complete linkage adopts the distance of two farthest individuals of two clusters. Centroid linkage adopts the distance of a pair of clusters based on the clusters' centroids, while average linkage adopts the average distance of all pairwise individuals between two clusters (Legendre & Legendre, 1998) . We experimented all four methods on our dataset, and found that the average linkage performed the highest clustering accuracy in all dataset (Results not shown here). The phylogenetic trees presented in this paper (Fig. 3-6 ) were average linkage-based.
Conclusion and Discussion
In this paper, we reported our CF based approach to recommend missing metabolic pathway data for phylogenetic tree construction. Our experimental results have shown that the CF recommendation approach could perform better than the approach of using average values by analyzing the phylogenetic trees. That is because the recommendations carry some kind of relations with the rest features of species while the average values don't. In addition to the CF approach, we have also normalized the feature values, which further boosts the clustering accuracy.
We have to admit that there is still room to improve phylogenetic trees. For instance, in our current eukaryotic phylogenetic trees, we could not cluster chicken into the right position. In the phylogenetic tree of prokaryotes, a few Actinobacteria species, such as Rhodococcus jostii and Saccharopolyspora erythraea are still scattered within the group of Proteobacteria. There a number possible reasons that might cause the problem. First of all, we treated all pathways and their features with the same weights. However, it is more likely that different pathways might have different contributions to the phylogenetic relations. Second of all, the use of metabolomics data to analyze phylogeny might also have some issues (Mazurie et al., 2008) , including: i) The existence of so-called ubiquitous metabolites in the network. For instance, water participates chemical reactions with other functional metabolites in the network, but itself is a biologically meaningless representative; ii) the highly sensitivity to inappropriate citation of structures of networks; and iii) the mistaken induction of some enzymes in some reactions.
Given that, to improve phylogenetic tree accuracy using metabolic pathway (i.e., metabolic network) dataset, we should differentiate essential pathways from non-essential pathways. Put it another way, we should put more weights on essential pathways and less weights on non-essential pathways. To do so, we could seek the help from biochemists or molecular biologists to identify essential pathways, so that we could incorporate expert knowledge into the data of metabolic networks. Alternatively, we could take advantage of machine learning algorithms, such as neural networks, to train a model based on our pathway dataset. This model essentially assigns different weights to different pathways, based on information of metabolic pathway dataset and truly phylogenetic trees. We hope such strategies could be used to improve phylogenetic tree construction in our future work.
